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Abstract
Hum, Ashley M. Ph.D. The University of Memphis. August 2014. The associations
between adolescent smoking trajectories and physician tobacco communications, gender,
and ethnicity. Major Professor: Leslie A. Robinson, Ph.D.
The examination of smoking trajectories bridges the study of adolescent smoking
initiation, escalation, persistence, quitting, and relapse through the conceptualization of
smoking as a developmental process. An advantage of this approach is that it allows for
the investigation of longitudinal patterns in tobacco uptake and the association of these
patterns with predictor variables. For example, physician advice has been associated with
reduced smoking among adolescents, but only cross-sectional research has been
conducted. The present study examined the longitudinal impact of physician
communication on adolescent smoking trajectories using growth mixture modeling
(GMM). This study aimed to (1) identify trajectories for smoking; (2) identify any
possible unobserved (latent) classes; and (3) examine whether gender, ethnicity, or
physician communication were related to adolescent smoking trajectories. Data were
drawn from five waves of a large (N = 3,049), diverse (82.9% African American) sample
of adolescents from the Memphis Health Project, a 10-year longitudinal study of
smoking. GMM was utilized to capture individual differences in adolescent smoking
trajectories and examine how physician communication relates to trajectory classes. The
best fitting model was a six class piecewise GMM with the following identified latent
classes (from the largest to smallest classes): nonsmoker class, quitter class, early onsetescalating smoking class, early onset-stable high smoking, late onset smoking, and
declining smoking. Males and Caucasians were more likely to be in classes characterized
by higher levels of tobacco use. Physician communication was also often associated with

classes with higher levels of smoking. These results have significant clinical implications
as they highlighted the need for early and consistent systematic tobacco surveillance and
intervention among all youth, not just those at highest risk.
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The associations between adolescent smoking trajectories and physician tobacco
communications, gender, and ethnicity.
Smoking is the most preventable cause of death and disease in our society
(American Cancer Society (ACS), 2012), with around 20% percent of all deaths in the
United States attributed to smoking each year (Danaei et al., 2009). In a recent Surgeon
General Report, the authors  state:  “The  simple  fact  is  that  we  cannot  end  the  tobacco  
epidemic  without  focusing  our  efforts  on  young  people”  (U.S.  Department  of  Health  and  
Human Services (USDHHS), 2012). Adolescence in particular is a pertinent period for
consideration. Adolescence is a unique developmental period characterized by increased
autonomy, personal decision-making, impulsivity and sensation-seeking, along with
accelerated development of self-identity and self–conceptions (Steinberg, 2005;
Steinberg & Morris, 2001). During this time, adolescents are at increased risk for
problematic health behaviors, such as smoking, (Steinberg, 2001), with nearly all
smokers initiating cigarette use prior to age 18 (Backinger, Fagan, Matthews, & Grana,
2003; DiFranza et al., 2007; Gilpin, Choi, Berry, & Pierce, 1999).
Adolescent smoking is a developmental process in which adolescents often
engage  in  a  cyclical  pattern  of  smoking  and  unsuccessful  quitting  (Bancej,  O’Loughlin,  
Platt, Paradis, & Gervais, 2007; Centers for Disease Control and Prevention (CDC),
2009; Sussman, Ping, & Dent, 2006). In 2009, 19.5% of high school students were
current smokers (defined as having smoked during the past month) and 7.3% of smoked
on 20 out of 30 days in the previous month (CDC, 2010). The spontaneous quit attempt
prevalence rates are notable: 58% at 6-months, 68% at 12-months, and 71% lifetime
prevalence, with over half making multiple quit attempts (Bancej et al., 2007).
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Unfortunately, the relapse rates among teens are disheartening, with 34% of youth
relapsing within a week after their longest quit attempt, 56% in a month, 89% in 6
months, and 92% within a year (Bancej et al., 2007). Not surprisingly, considering
relapse rates, unaided the odds of unaided success are low, with quit rates for teens
ranging from only 6.2% to 12.2% (CDC, 2009; Sussman et al., 2006).
There is a substantial amount of heterogeneity in the smoking trajectories of
adolescents, with variability in age of onset, rate of change, and smoking persistence.
Thus, the examination of smoking trajectories bridges the study of adolescent smoking
initiation, escalation, persistence, quitting, and relapse through a conceptualization of
smoking as a developmental process (Chassin, Curran, Presson, Sherman, & Wirth, 2009;
Costello, Dierker, Jones, & Rose, 2009). Studies of adolescent smoking trajectories have
used a range of methodologies, including differences in samples, the measurement of
smoking, and data analytic techniques (Chassin et al., 2009; Costello et al., 2009).
Growth modeling has often been utilized to identify developmental smoking trajectories.
Other statistical approaches have clustered trajectories into classes (e.g., growth mixture
modeling, cluster analysis, latent class analysis, etc.) in order to make the heterogeneity
of trajectories more interpretable (Chassin et al., 2009; Costello et al., 2009). Finally,
systematic differences in the identified classes have been identified by covariates, e.g.,
demographic or psychosocial variables (Chassin et al., 2009; Costello et al., 2009).
In their review of the literature on trajectories, Chassin and colleagues synthesized
the previously identified classes from 18 studies into broad groups: (1) an early-onset
group (either stably high or rapidly escalating), (2) a later-onset group, and (3) a lightsmoking group that do not escalate to regular smoking. These trajectory classes also
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emerged in more recent studies of adolescent trajectories: early-onset group (Weden &
Miles, 2012), later-onset group (Brook et al., 2008; Weden & Miles, 2012), and a light
smoking group (Brook et al., 2008; Costello et al., 2009; Pollard, Tucker, Green,
Kennedy, & Go, 2010). Importantly, many studies have also identified a nonsmoker/
never smoker group (Abroms, Simmons-Morton, Haynie, & Chen, 2005; AudrainMcGovern et al., 2007; Bernat, Erickson, Widome, Perry, & Forster, 2008; Brook, Pahl,
& Ning, 2006; Brook et al., 2008; Chassin, Presson, Pittx, & Sherman, 2000; Chassin et
al., 2009; Juon, Ensminger, & Sndnor, 2002; Costello et al., 2009; Maggi, 2008; Maggi,
Hertzman, & Vaillancourt, 2007; Orlando, Tucker, Ellickson, & Klein, 2004; Pollard et
al., 2010; Riggs, Chou, Li, & Pentz, 2007; Soldz & Cui, 2002; Vitaro, Wanner,
Brendgen, Gosselin, & Gendreau, 2004; Weden & Miles, 2012; White, Pandina, & Chen,
2002). In addition, studies have identified an early increaser group (Lessov-Schlaggar et
al., 2008; Orlando et al., 2004; Pollard et al., 2010) and a late increaser group (Abroms et
al., 2005; Brook et al., 2006; Lessov-Schlaggar et al., 2008; Orlando et al., 2004; Pollard
et al., 2010). Other investigations have found a decliner group (Bernat et al., 2008; Karp,
O’Loughlin,  Paradis,  Hanley,  &  DiFranza,  2005;;  Orlando  et  al.,  2004;;  Pollard  et  al.,  
2010), a quitter group (Brook et al., 2008; Chassin et al, 2000; Chassin et al., 2009;
Costello et al., 2009; Juon et al, 2002; Lessov-Schlaggar et al., 2008; Soldz & Cui, 2002),
and a relapse/ remit group (Chassin et al., 2009).
Due to the risk associated with adolescent smoking, considerable research has
evaluated cessation programs for adolescents who smoke. However, these programs
have been plagued by recruitment difficulties and attrition (USDHHS, 1994). Even when
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recruitment and retention have been adequate, there is still insufficient evidence for the
effectiveness adolescent cessation programs (Grimshaw & Stanton, 2010).
Given these discouraging results, researchers have pointed out the potential
importance  of  physicians’  advice  to  adolescents.    Annually,  92.1%  of  children  and  70%  
of adolescents living in the United States visit a healthcare provider (HCP; CDC, 2012;
Shelley et al., 2005), including 70% of smokers (Cokkinides, Ward, Jemal, & Thun,
2005; Fiore et al., 2008; Shelley et al., 2005). Physician advice refers to verbal
instruction to quit smoking, regardless of whether the message included information on
the harmful effects of smoking (Stead, Bergson, & Lancaster, 2008). The Agency for
Healthcare Research and Quality [AHRQ] has developed clinical practice guidelines for
the treatment of tobacco use and dependence, recognizing physician advice as a key
intervention  (Fiore  et  al.,  2008).    These  guidelines  (“the  5  A’s”)  require  physicians  to  ask  
about smoking status, advise patients to quit smoking, assess whether patients are ready
to quit, assist the patient with quitting, and arrange follow-up visits to avoid relapses.
The  Committee  on  Substance  Abuse  (2001)  also  added  “anticipation”  to  the  beginning of
this  model  for  physicians’  interactions  with  young  people.    This  step  was  included  in  
order to encourage physicians to provide preventive advice to youth and identify those
who are vulnerable to smoking initiation.
Considerable outcome research has evaluated the impact of physician advice on
smoking among adults. Fiore et al. (2008) reviewed seven randomized controlled trials
(RCTs)  and  found  that  brief  physicians’  advice  (5 min or less) raised 6-month quit rates
from 7.9% to 10.2%. A recent Cochrane review examined the effectiveness of physician
advice among adults, examining RCTs conducted between 1972 and 2012 (Stead et al.,
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2013). The authors identified 17 RCTs that included a 6-month follow-up and compared
brief advice (verbal instruction of no more than 20 min to quit smoking) to no advice. It
was concluded that brief physician advice for smoking cessation is a simple but effective
intervention for adult smokers, producing 1-3% increases in adult cessation above
unassisted quitting rates of 2-3%. In addition, it was found that the more intensive the
intervention, the more powerful the intervention effect. Follow-up visits were also found
to provide small additional benefits for smoking cessation.
In addition, Aveyard et al. (2012) conducted a meta-analysis that re-examined the
RCTs included in the 2008 Cochrane review on physician advice and smoking (Stead et
al., 2008) and that examined minimal physician advice (less than 10 minutes; n =11). In
order to examine the effects of physician advice among participants who were not
selected for treatment based on motivation to quit and only received minimal physician
advice, the authors excluded several studies. The excluded studies were studies that
selected participants based on their motivation to quit (n = 2), included follow-up
interventions (n = 2), included an additional counseling by a nurse (n = 1), or had
selective recruitment (n = 1). Among the included studies, physician advice was
associated with increased quit attempts and increased 6-month abstinence rates compared
to no intervention. The authors conclude that physician advice should be offered to all
smokers, not just those motivated to quit. This conclusion is congruent with the clinical
guidelines set forth by Fiore et al. (2008).
Taken together, these data indicate that physician advice has sufficient impact to
be ranked as a high priority evidence-based preventive service for adults (Solberg,
Maciosek, Edwards, Khanchandani, & Goodman, 2006). Annually repeated physician
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advice has similar financial benefits for preventive purposes as annual influenza
immunizations and biyearly mammograms (Solberg et al., 2006). Thus, physician advice
represents an extremely cost-effective opportunity to advise adults, smokers and
nonsmokers. The advantages of this approach include the time efficiency of physician
advice (usually less than 20 min), the cost-efficiency of physician advice (Chapman,
1993; CDC, 1999; Fiore et al., 2008; Solberg et al., 2006; Westmaas et al., 2000), and the
accessibility of physicians to the general population (CDC, 2012; Cokkinides et al., 2005;
Fiore et al., 2008; Robinson, Emmons, Moolchan, & Ostroff, 2008; Shelley et al., 2005).
Importantly, the Clinical Practice Guidelines urge physicians to pay particular
attention to children and adolescents due to their increased susceptibility to smoking
(Committee on Substance Abuse, 2001; Fiore et al., 2008). Despite the success of
physician advice with adults, little research has been done on physician advice for
adolescent smoking cessation. Physician advice has the potential to be a catalyst for
public health through preventing smoking initiation among adolescents, encouraging
cessation among adolescents, and reducing the burden of future smoking-related disease
and cost. While several studies have examined the rate of physician screening and
advising among adolescents, fewer studies have evaluated the association of these
physician communication and adolescent smoking behaviors.
Research examining the rates of  physician  screening  for  adolescents’  smoking  
statuses and physician counseling about smoking produce different estimates based on
the  respondent.  According  to  physicians’  reports,  they  identified  70.7%  of  the  
adolescents’  smoking  statuses,  but  only  advised 1.6% of all adolescents and 16.9% of the
smokers (Thorndike, Ferris, Stafford, & Rigotti, 1999). Other investigators have
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assessed rates of physician advice using reports obtained from adolescents. Although
70% of the adolescents reported visiting a physician, only 33% of all adolescents and
16.4% of smokers reported receiving cessation advice (Shelley et al., 2005). Alfano,
Zbikowski, Robinson, Klesges, and Scarinci (2002) showed similar results in a sample of
inner-city, primarily African American adolescents.    According  to  the  teens’  reports,  
physicians screened only 43.4% of the adolescents and advised 42.1% of participants.
Adams and colleagues (2009) found that among teens who attended a routine medical
visit, only 29% reported discussing tobacco use with their physician (Adams, Husting,
Zahnd, & Ozer, 2009). This more recent study found even lower rates of physician
advising and suggests that rates of advising have not substantially increased since 2002.
Unfortunately, disparities may exist among rates of physician advising. Research has
indicated that younger adolescents (Adams et al., 2009), teens with higher income
(Alfano et al., 2002), and non-smokers (Alfano et al., 2002; Shelley et al., 2005) were
less likely to receive advice. Research on ethnic and gender differences have been
equivocal, with different studies finding contradicting results (Adams et al., 2009; Alfano
et al., 2002; Shelley et al., 2005).
Although adolescents are not receiving physician interventions at desirable levels,
they do seem to want to discuss tobacco use with their physicians (Alfano et al., 2002;
Klein & Wilson, 2002). Almost 80% of adolescents reported they would admit their
smoking to their physician (Alfano et al., 2002), and risky health behaviors are more
frequently discussed when the physician and youth have time alone (Klein & Wilson,
2002). Lastly, research has indicated that adolescent smokers endorse physicians as
preferred tobacco interventionists over other potential sources of information, such as
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other students, psychologists, coaches, teachers, school counselors, religious leaders,
dentists, emails, and computers (Jackson, Robinson, Ali, & Hum, 2008).
Few studies have explicitly examined the relationship between physician advice
and adolescent smoking. Two cross-sectional studies have established that a relationship
exists between physician advice and adolescent smoking. Shelley et al. (2005) used
cross-sectional data from National Youth Tobacco Survey (NYTS) to explore the effects
of HCP advising received in the previous year on quit attempts. Results indicated that
HCP advice was associated with an increased probability of teens making at least one
quit attempt in the past 12 months (OR = 1.88, p < .001). Hum and colleagues (2011)
explored the cross-sectional relations between physician communication and a wider
array of smoking-related  variables  in  adolescents.    In  this  study,  physicians’  
communication with teens about smoking was conceptualized as a four-level variable,
ranging from no intervention, screening for smoking, advising teens not to smoke, to both
screening and advising. Results indicated that physician communication was associated
with a variety of positive findings. Teens whose physicians addressed tobacco use
reported more negative attitudes about smoking and more accurate knowledge of
tobacco-related health damage. Further, physician communication was associated with
fewer intentions to smoke long-term (among smokers) and a 76% increase in the odds of
intending to quit short-term. Lastly, physician communication was associated more
frequent quit attempts among teens. In both of these cross-sectional studies physician
advice was associated with both higher levels of smoking and increased quit attempts
(Hum, Robinson, Ali, & Jackson, 2011; Shelley et al., 2005).
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The cross-sectional nature of these studies limits their ability to clarify the
directionality of the relation between physician advice and adolescent smoking behaviors.
Thus, longitudinal studies are needed to understand more fully the relationship between
physician communications and adolescent tobacco use. Further, due to the heterogeneity
of adolescent smoking trajectories and the lack of effective cessation programs further
exploration of the relationship between physician communication and adolescent
smoking trajectories would allow us to more fully understand how physician
communication  corresponds  to  changes  in  an  adolescent’s  smoking  trajectory.
The present study addressed limitations in the previous research by examining the
longitudinal relations between physician communication and adolescent smoking
trajectories. This study aimed to (1) identify smoking trajectory (2) identify any possible
unobserved (latent) classes within smoking trajectories; and (3) examine whether
physician communication, and other possible predictors (e.g., gender and ethnicity) are
related to adolescent smoking trajectories.
The hypotheses of the present longitudinal study were as follows:
1. Considering past literature on smoking trajectories (Chassin et al., 2009), it
was hypothesized that approximately four trajectories will emerge: a stable
nonsmoker group, an early-onset group, a later-onset group, and a lightsmoking group that will not escalate to regular smoking.
2. Past cross-sectional research has indicated that physician communication is
associated  with  higher  smoking  levels,  possibly  reflecting  physicians’  
tendency to target young smokers for intervention, and quit attempts (Hum et
al., 2011; Shelley et al., 2005). It was hypothesized that physician
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communication was associated with classes with higher intercepts (more
smoking at baseline) and lower slopes (decreases in smoking over time).
However, given the lack of research on physician communication and
adolescent trajectories, our analyses of trajectories by physician
communication were exploratory in nature.
Method
Overview
Data were drawn from the Memphis Health Project, a longitudinal study of risk
factors for smoking onset in adolescents (Robinson, Klesges, Zbikowski, & Glaser,
1997). The first survey was given in 1994 to a cohort of 6,967 seventh graders and then
annually administered until the students graduated from high school in 1999.
Cooperation among the schools was exceptional, with all 39 eligible schools participating
all years. Both parent consent and student assent were obtained. The study was approved
by The University of Memphis Institutional Review Board. From 1994 until 1999,
surveys were administered in the spring semester by teachers, using procedures that
maximized student confidentiality.
After 1999, most cohort members had graduated from high school. Due to the
increased difficulty in tracking participants no longer in school, we selected a subset of
the participants (n = 3,049) to assess annually for three more years (2001-2004; Waves 35 for this report). These young people were divided into 11 groups, and each group was
assigned a certain month (except December, because holiday activities were thought to
increase tracking difficulty). On its assigned month, a group was opened for surveying
efforts, and data collection continued for two additional months. At that point, the case
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was closed for that year if data were not collected. Notably, we had gathered
information from the participants in 1999 that could be used to track them after they
completed high school. For example, students provided contact information, numbers for
friends and relatives, and information on where they planned to move after finishing high
school. In addition, we bought a one page ad in each of the high school yearbooks for the
project, with a listed phone number that could be used to reach us without charge. These
procedures greatly enhanced our ability to track these largely inner-city, lower-income
youth.
Participants
We  will  refer  to  the  baseline  used  in  this  study  as  “Wave  1,”  which  was  
comprised of data collected in 1998. Data for the present study included data from Wave
1 through Wave 5. Students sampled the baseline year were 81.7% African American
and 60.9% female. These statistics match those of this Southern school system well. In
Wave 1, the sample was on average 16 years old and comprised of primarily of 11th
graders (79.6%). In Wave 5, youth were on average 23 years old. Also included were
students of the original cohort who were held back in previous grades (11%) or promoted
early (9.4%). The smoking practices of these students at baseline were distributed as
follows: never smoked (55.8%), smoked once or twice (26.6%), smoke less than once a
month (2.3%), smoke less than once a week (1.3%), smoke one to six cigarettes a week
(1.9%), and smoke once daily (6.3%). In addition, 5.8% of the students reported they
used to smoke regularly, but quit. Regarding stage of change, 17.4% of the smokers were
precontemplators, 9% were contemplators, 38.1% were in preparation, and 35.5% were in
the action or maintenance stage.
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Complete longitudinal data (Wave 1 – Wave 5). Of the 3,049 eligible students
who had longitudinal data, 26.4% (805 of 3,049) provided data for all waves in the
present study (1998-2004). Further, students who completed all annual assessments did
not differ significantly from those with missing data by gender, ethnicity, grade level,
smoking history, number of quit attempts, estimated neighborhood income, or
neighborhood education level. (See Robinson et al. (1997) for details on the procedure
for deriving the income and education estimates). Participants who completed all
assessments from 1998 to 2004 were younger (M = 16.75) than those with missing
assessments (M = 16.83; F(1, 2494) = 6.07, p = .01).
Longitudinal data for smoking (Wave 1- Wave 5). Of the 3,049 eligible
students who had longitudinal data, only 13.1% (399 of 3,049) of participants provided
smoking data for all waves. Students who provided data on smoking for every wave
differed from those who had missing smoking data by age at baseline, gender, ethnicity,
and smoking status at baseline, ps < .05.
Measures
Physician communication. Physician tobacco communication was assessed at
baseline in 1998 using adolescent reports of (1) physician screening for tobacco use
(“Has  your  doctor  ever  you  if  you  smoke?”)  and  (2)  physician  advice  not  to  smoke  (“Has  
your  doctor  ever  told  you  not  to  smoke?”).    These  two  measures  were used to create a
multilevel measure of physician interventions, using the following categories: neither
screened nor advised (0); screened only (1); advised only (2); and both screened and
advised  (3).    We  reasoned  that  physicians’  advising  teens  not  to  smoke usually requires
more time than simply asking them if they smoke; thus, advising was scored higher on
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the scale than screening. Overall, physician communication was organized so that higher
numbers were associated with more intense intervention.
Tobacco use. Participants were asked several questions annually regarding
smoking. Their responses were used to create an overall smoking variable for each wave
of the study, one that was consistent across all waves. Levels of smoking and coding
were as follows: never smoker (0); used to smoke regularly, but quit (1); tried smoking
but smoke less than monthly (2); smoked at least monthly but not weekly (3); weekly
smoking (4); daily smoking up to consuming less than 10 cigarettes per day (CPD) (5);
daily smoking, consuming at least 10 but not more than 20 CPD (6); and daily smoking,
consuming 21 or more CPD (7).
Quit attempts. Quit  attempts  were  coded  as  follows:    “never  tried  to  quit”  (0),  
“one  time”  (1),  “two  times”  (2),  and  “three  times  or  more”  (3).
Stage of change. Data  about  participants’  history  of  and  plans  for  smoking  
cessation  were  used  to  assess  stage  of  change  (Pallonen,  1998).    “Precontemplators”  were  
participants who indicated that they were not thinking about quitting in the next six
months. Participants who reported that they were thinking about quitting in the next six
months  were  classified  as  “contemplators.”    Those  who  indicated  they  were  planning  on  
quitting  within  the  next  30  days  were  in  the  “preparation”  stage.      Participants  who  
indicated  they  had  quit  were  in  the  “action  or  maintenance”  stage.    These  stages  were  
combined because information was not available on when the participant had quit
smoking. This variable was only utilized to provide descriptive statistics on the baseline
sample.
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Data Analysis
Growth mixture modeling (GMM) is a person-centered data analysis technique
that identifies individual differences in the development of an outcome over time, i.e.,
trajectories. Latent variables were estimated from the observed data that described
individuals’  start  points  for  trajectories  (i.e.,  intercept)  and  the  rate  of  change  over  time  
(i.e., slope). GMM also identified trajectories that were similar and grouped them into
classes within the identified trajectories. Predictor variables were then used to predict
trajectory class membership. Identifying trajectories and their predictors allowed for an
examination of the development of outcomes over time and an examination of whether
predictors were associated with different trajectory classes. See Figure 1 for a visual
depiction. Analysis was conducted via MPlus (Version 6 and 7; Muthén & Muthén,
2010; Muthén & Muthén, 2012). The GMM exploring smoking was analyzed using the
full sample (including never smokers and smokers).

Figure 1. Piecewise growth mixture model.
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Notes = I = intercept. S1 = linear slope in segment 1. S2 = linear slope in segment 2. Q2 =
quadratic slope by segment 2.

Consistent with recommendations, a four step procedure was utilized to estimate
the GMM: (1) problem definition, (2) model specification, (3) model estimation, and (4)
model selection and interpretation (Berlin, Parra, & Williams, 2013; Ram & Grimm,
2009).
Problem definition. In the problem definition step, hypotheses about growth
patterns (e.g., linear or nonlinear) and possible classes (e.g., the number of classes and
how these classes will differ) were identified based on past literature and examination of
descriptive statistics and plots for the data. Due to the amount of missing data, missing
data approaches had to be considered. As noted earlier, there were significant predictors
of missingness and in order to meet the missing at random criteria, predictors of
missingness need to be identified in the data analysis (Graham, 2009). Currently, in
GMM, predictors of missingness cannot be modeled using the auxiliary command for
full-information maximum likelihood (FIML) methods (Muthén & Muthén, 2010).
Therefore, multiple imputation (MI) was used as it performs comparably to FIML when
enough datasets are computed to detect varying effect sizes (Enders, 2011; Graham,
Olchowski, & Gilreath, 2007; McPherson, Barbosa-Leiker, Burns, Howell, & Roll,
2012).
In addition, the baseline (or singe-group) growth model was identified (Berlin et
al., 2013; Ram & Grim, 2009). An unconditional model (i.e., a model without covariates)
was examined via single-class latent growth curve modeling (LGCM) to identify the
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pattern of change that best fits the data. The following models were examined: intercept
only, linear, quadratic, cubic, and piecewise. Along with considerations to theory, several
fit indices were used to identify the best fitting single-group growth model: loglikelihood,
Bayesian Information Criterion (BIC) (Nylund et al., 2007), Akaike Information
Criterion (AIC), and Sample Size Adjusted BIC (SSA-BIC). Lower values for the
loglikelihood, BIC, AIC, and SSA-BIC suggested a better-fitting model. The BIC
(Nylund, Asparouhov, & Muthén, 2007) and SSA-BIC (Henson, Reise, & Kim, 2007;
Tofighi & Enders, 2008) have demonstrated good accuracy for latent mixture modeling
and thus were given priority if indices indicated different best fitting models.
Model specification. When conducting GMMs with multiple datasets created
from MI, it is recommended that user-specified starting values are provided in order to
reduce label switching, i.e., to reduce individuals being assigned to different classes
across analyses (B. Muthén, personal communication, May 27, 2014). Thus, the first step
in moving forward with the GMMs was identifying appropriate start values. The steps
included running the model on a single dataset, using an output syntax command (i.e.,
svalues) to get parameter estimates, and lastly using the obtained starting values as
starting values for the analysis run across the imputed datasets. Consistent with
recommendations (Berlin et al., 2013; Ram & Grimm, 2009), a step-wise approach for
model specification was utilized. Specifically, initially the most constrained model was
examined and then during each step different parameters were freed, thus producing a
less constrained model.
During the first step, a latent class growth analysis (LCGA) was conducted and
therefore within class variance was fixed at zero. Examining a LCGA initially is
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recommended as it is a less complex model which therefore often corresponds to fewer
convergence problems, less computational burden, and clearer identification of classes
(Berlin et al., 2013; Jung & Wickrama, 2008). Following the LCGA, other models were
tested in which the means, variances, and covariances of the growth factors were
estimated and allowed to differ across classes. Individual variation was allowed within
classes such that individual variation is around respective class mean growth curves
instead of around one population mean growth curve (Muthén, 2002).
An exploratory approach was utilized for identifying the appropriate number of
classes; however, it was hypothesized that four classes would emerge, and thus it was
anticipated that at least five class models would be estimated, i.e., number of expected
class (k) plus one (Ram & Grimm, 2009).
Along with considerations to theory, several fit indices were used to identify the
optimal number of latent trajectory classes: loglikelihood, BIC (Nylund et al., 2007),
AIC, SSA-BIC, and entropy statistics. Lower BIC, AIC, and SSA-BIC values indicated
more parsimonious solutions, and the optimal number of classes were deduced from
whether the BIC value decreased with the inclusion of additional classes. Higher
probabilities of class membership indicated more discrete classes. The entropy summary
statistics  provided  information  on  the  accuracy  of  individuals’  classification  into their
most likely trajectory class, with values ranging from 0 to 1. Values closer to 1 indicated
greater accuracy. If discrepancies arose between the fit indices on the appropriate number
of classes, preference was given to results of the BIC (Nylund, Asparouhov, & Muthén,
2007) and SSA-BIC (Henson et al., 2007; Tofighi & Enders, 2008) as they have
demonstrated good accuracy for latent mixture modeling.
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Model estimation. As earlier mentioned, all models were estimated using MPlus
(Version 6 and 7; Muthén & Muthén, 2010; Muthén & Muthén, 2012). Maximum
likelihood estimation with robust standard errors and chi-square (MLR) was used due to
the skewed distribution of smoking (Muthén & Muthén, 2010; Muthén & Muthén, 2012).
As recommended by Berlin and colleagues (2013), the number of automatic starting
values was increased when obtaining parameter estimates to use subsequently as userspecified starting values in order optimize the opportunity to replicate the best
loglikelihood and therefore find a global solution.
Model selection and interpretation. During this final step, the tested models
were examined and steps were taken to identify the best fitting model (Berlin et al., 2013;
Ram & Grimm, 2009). A flow diagram from Ram and colleagues (2009) was used to
assist with decision-making about the best fitting model and included the following steps:
1) carefully examine the output for error messages and/or problems with model estimates,
2) compare the information criteria for different models (e.g., models with a different
number  of  classes  or  LCGA’s  vs.  GMM’s),  3)  compare  entropy  statistics  across  models,  
4) plot class trajectories, and 5) select best fitting model and evaluate consistency with
previous literature.
Lastly, physician communication was examined as a predictor of class
membership. This step allowed us to examine whether physician communication was
associated with different smoking classes and thus estimate how physician
communication  was  associated  with  adolescents’  development  of  smoking  patterns over
time. For example, it was hypothesized that physician communication would be
associated with classes with higher intercepts (more smoking at baseline) and lower
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slopes (decreases in smoking over time). Ethnicity and gender were also examined as
predictors of class membership. Multinomial logistic regressions was used to examine if
covariates were associated with trajectory class membership (Muthén & Muthén, 2001).
Results
MI
MI was utilized to impute 100 datasets (Graham et al., 2007). MI in Mplus
utilized Bayesian regression procedures to generate multiple datasets with different
estimates of the missing values (McPherson et al., 2012). Variables included in the
imputation process were the following: The dependent variables (i.e., observed smoking
variables) and variables that predicted missingness (i.e., age and smoking status at
baseline). Other predictors of missingness were not used as they were used in subsequent
analyses as predictors. Data was imputed for the observed smoking variables. Analyses
were then executed on the 100 datasets. The parameter estimates were averaged based on
the results across datasets. The standard errors were established by averaging the standard
errors across datasets and averaging the variation of parameter estimates between
analyses (Muthén & Muthén, 2010).
Growth Modeling
Step 1: Problem Definition
Identify hypotheses. Consistent with the first step in the problem definition
phase, the hypotheses of the present study should be restated. Based on review of the
plots and descriptive statistics of the data, it was hypothesized that overall the pattern of
change in smoking was nonlinear. See Figures 2 and 3 for the longitudinal plots of the
raw data. Considering past literature on smoking trajectories (Chassin et al., 2009), it was
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hypothesized that approximately four classes would emerge: a stable nonsmoker group,
an early-onset group, a later-onset group, and a light-smoking group that will not escalate
to regular smoking. It was hypothesized that the stable nonsmoker group would have
lower mean intercept and slope values as compared to the other classes. The early-onset
and later-onset groups were expected to have differing mean intercepts (i.e., the earlyonset group would report higher levels of initial smoking as compared to the late-onset
group) and differing patterns of change such that the late-onset group would not
demonstrate growth until later in time. Lastly, the light-smoking group was hypothesized
to exhibit higher levels of initial smoking as compared to the nonsmoker and late-onset
group and expected to have lower mean levels of change over time as compared to the
early-onset and late-onset smoking groups.
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Figure 2. Plot of raw data for observed smoking.
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Figure 3. Plot of raw data for mean smoking.

Identify the baseline, single-group growth curve model. Single-group LCGMs
were conducted in order to identify the best fitting baseline model for the subsequent
mixture models. The following single-group models were tested: intercept only, linear,
quadratic, cubic, and piecewise.
Since the time points of data collection varied across individuals for 2002, 2003,
and 2004, individually-varying times of observations were utilized in the analyses. Time
scores represented weeks since baseline. In order to optimize model convergence, time
scores were divided by 100. As the analysis used individually-varying times of
observation, time was represented by a variable that had a random slope, an approach
consistent with multilevel modeling (Muthén & Muthén, 2010). MLR was used as the
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estimator due to the skewed distribution of smoking (Muthén & Muthén, 2010). As 100
imputed datasets were being used, model fit statistics were averaged across datasets.
Model fit statistics included loglikelihood, AIC, BIC, and SSA-BIC. Fit statistics for each
model were compared to identify the best fitting model for the data (See Table 1). More
detailed information for each tested model of change is listed below. The factor loadings
for the intercepts for the five observed measures of smoking were fixed to 1.
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Table 1
Fit Statistics for Single Group Averaged over 100 Imputed Datasets
Model of

AIC1

BIC2

Change

1

Sample-Size
Loglikelihood
Adjusted BIC

Intercept

54,532.08

54,574.23

54,551.99

-27,259.04

Linear

52,065.96

52,126.19

52,094.41

-26,022.98

Quadratic

51, 741.31

51, 825.63

51, 781.14

-25,856.66

Cubic3

51,536.18

51,650.61

51,590.23

-25,749.09

Piecewise

51,548.41

51,650.79

51,596.77

-25,757.20

AIC: Akaike Information Criteria. 2 BIC: Bayesian Information Criteria. 3 Results based

on 97 datasets.

First, an intercept only model was examined. The only growth factor estimated
was the intercept factor. Next, a linear model was explored and an additional growth
factor was estimated. The quadratic model was conducted next and the model included
three growth factors, i.e., intercept, linear slope, and quadratic growth factors.
For the cubic model, another growth factor was added. When executing the cubic
model, the model would run on 97 datasets, but would not run on three datasets due to
problems with model convergence. Several attempts at improving model convergence
for these datasets were completed and included increasing the number of starting values,
increasing the number of iterations allowed in the initial stage, dividing time scores by 10
and 100, and identifying the starting values based on parameter estimates. None of the
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above tried solutions were successful, therefore, the results were based on averages
across 97 datasets.
Lastly, the piecewise model was estimated. A linear slope (S1) was modeled for
Wave 1 to 2 and a nonlinear, quadratic slope was modeled for Wave 2 to 5. For the
quadratic slope, both the rate of linear change (S2) and the rate of acceleration or
deceleration were identified (Q2). The residual variances for Wave 1 and 2 were fixed as
zero. This pattern was chosen based on a visual inspection of the data and based on
developmental differences between these time periods, i.e., wave 1-2 were collected in
high school and wave 3-5 were collected post-high school. This analysis allowed an
examination of growth during the latter years of high school and additionally an
examination of the pattern of change from the last year of high school through the posthigh school years.
As shown in Table 1, the cubic model produced the overall best fit statistics;
however, a cubic model would require further examination of the two curves in the slope
in order to fully interpret the change functions. The piecewise model resulted in similar
fit statistics. As problems with model convergence arose with the cubic model and as
piecewise modeling would allow a more nuanced examination of two patterns of growth
in the data that could be informed by expected developmental changes (i.e., ending high
school), piecewise modeling was chosen as the baseline model.
For the piecewise model, a linear slope was modeled for Wave 1 (11th grade) to 2
(12th grade) and a quadratic slope was modeled for Wave 2 (12th grade) to 5 (post-high
school years). The initial level of smoking (i.e., intercept) was significantly different from
zero, M INTERCEPT = 1.17, p < 0.001, and there was significant variability in the intercept
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(Var INTERCEPT = 2.76, p < 0.001). Between baseline and Wave 2, there was nonsignificant linear change (M S1 = 0.05, p =0.36) and significant variability in linear
change 2 (Var S1 = 6.14, p < .001). There were significant increases in smoking between
12th grade and Wave 5 (approximately two years post high school), M S2 = 0.15, p = .008,
such that adolescent smoking increased an average of 0.15 across time points. Significant
quadratic change was also detected suggesting a deceleration of smoking over time (M Q2
= -0.07, p = .002). There was significant variability in the rate of linear and quadratic
change between Wave 2 to 5 (Var S2 = 2.80, p < .001; Var Q2 = 0.27, p < .001).
The  covariance  between  teens’  initial  smoking  level  and  the  linear  slope  between  
Wave 1-2 (Cov S1= -1.38, p < 0.001) was significant, whereas it was not significantly
related to the second linear slope segment between Wave 2-5 (Cov S2 = 0.18, p = 0.07).
There was significant covariance between the intercept and quadratic slope between
Wave 2-5 (Cov Q2 = -0.11, p = 0.003). In addition, there was significant covariance
between the slope for the first segment (S1) and the linear slope for the second segment
(S2; Cov = -0.99, p < 0.001). S1 and the quadratic slope of the second segment were also
significantly related (Q2; Cov = 0.16, p = 0.03). Lastly, the linear and quadratic slopes
for the segment slope covaried, Cov = -0.80, p < 0.001.
Step 2: Model Specification
First, starting values were identified in order to prevent label switching when
conducting GMMs across imputed datasets (B. Muthén, personal communication, May
27, 2014). For each model tested, a single imputed dataset was used to generate the
starting values for subsequent analyses across the 100 datasets. In the analysis used to
acquire the starting values, an increased number of automatically generated starting
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values were used (500 random sets of starting values with 100 full optimizations) in order
to increase the likelihood of identifying a global maximum of the likelihood solution
(Muthén & Muthén, 2010). For example, when examining a two-class model LCGA, the
analysis was completed on a single dataset to obtain starting values and then these
starting values were used in the two-class LCGA executed on the 100 datasets.
Next, a step-wise approach for model building was utilized (Berlin et al., 2013;
Ram & Grimm, 2009). Throughout all mixture models, a piecewise growth model was
used as the baseline model. Initially, LCGAs were conducted and therefore within class
variance was fixed at zero. As mentioned earlier, examining LCGAs initially is
recommended as it is a less complex model which therefore often corresponds to fewer
convergence problems, less computational burden, and clearer identification of classes
(Berlin et al., 2013; Jung & Wickrama, 2008).
Subsequently, GMMs were examined and within class variance was allowed.
Using the starting values produced on the single dataset, the starting values for the
covariances among latent variables, residual variances, and variances for latent variables
were constrained across classes unless otherwise specified. Parameters were freed in a
stepwise method such that models were examined that allowed both the covariances and
the variances to vary across classes, that only allowed the covariances to vary, and lastly
that only allowed the variances to vary across classes. All of the models where the
covariances and/or the variances were freed across classes resulted in numerous error
messages  that  could  not  be  resolved;;  thus,  the  GMM’s  were  examined  with  the  
covariances, residual variances, and variances constrained across classes.
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Step 3: Model Estimation
As earlier mentioned, all models were estimated using MPlus (Version 6 and 7;
Muthén & Muthén, 2010; Muthén & Muthén, 2012). MI was utilized prior to model
estimation to address missing data and MLR was used as the estimator (Muthén &
Muthén, 2010). As recommended by Berlin and colleagues (2013), the number of
automatic starting values was increased in order optimize the opportunity to replicate the
best loglikelihood and therefore find a global solution. Fit statistics for the tested models
are provided in Table 2. See Figures 4-9 for plots of the tested GMMs.
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Table 2
Loglikelihood, Information Criteria, and Entropy Statistics for Single Group Latent Growth Curve Analyses Averaged over
100 Imputed Datasets

Measure

1 Class

2 Class

3 Class

4 Class

5 Class

6 Class

Piecewise
LCGA
Loglikelihood

-31,665.48

-26,619.149

-25,551.395

-24,883.87

-24,706.13

-

AIC

63,348.95

53,266.30

51,140.79

49,815.75

49,470.26

-

BIC

63,403.15

53,350.61

51,255.22

49,960.29

49,644.92

-

SSA-BIC

63,374.56

53,306.13

51,194.85

49,884.03

49,552.77

-

Entropy

-

0.97

0.95

0.95

0.95

-
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Table 2 (continued)
Loglikelihood, Information Criteria, and Entropy Statistics for Single Group Latent Growth Curve Analyses Averaged over
100 Imputed Datasets

Measure

1 Class

2 Class

3 Class

4 Class

5 Class

6 Class

Piecewise GMM
Loglikelihood

-25,757.20

-24,797.51

-24,508.58

-24,250.57

-23,967.94

-23,600.11

AIC

51,548.41

49,639.03

49,071.17

48,565.14

48,009.87

47,284.23

BIC

51,650.79

49,771.52

49,233.78

48,757.86

48,232.71

47,537.18

SSA-BIC

51,596.77

49,701.62

49,147.99

48,656.18

48,115.14

47,403.73

Entropy

-

0.96

0.96

0.94

0.95

0.96

Notes: LCGA: Latent Class Growth Analysis. Within class variance fixed at zero.
AIC: Akaike Information Criteria. BIC: Bayesian Information Criteria. Sample Size Adjusted BIC. GMM: Growth mixture
model. Within class variance is allowed.
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Figure 4. One class piecewise growth mixture model.
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Figure 5. Two class growth mixture model.
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Figure 6. Three class growth mixture model.
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Figure 7. Four class growth mixture model.
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Figure 8. Five class growth mixture model.
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Figure 9. Six class growth mixture model- Model from multiple imputation.
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Step 4: Model Selection and Interpretation
LCGAS with one to five classes were modeled. When attempting to obtain the
starting values for a six class model by running the LCGA on a single dataset, model
convergence was not achieved; thus, the six class model was not tested across the 100
datasets. Six GMMs were modeled with one to six classes. Starting values could not be
obtained from the single dataset for a seven class model; thus, the seven class model was
not tested across the 100 datasets. For all models tested, the loglikelihood was replicated.
All outputs were closely examined to check for error messages and problems with
parameter estimates (e.g., negative residual variances, correlations greater than one).
Examination of fit indices across models indicated that the model that best represented
that data was the six class GMM. The six class GMM had the best (i.e., lowest)
loglikelihood, AIC, BIC, and SSA-BIC as compared to all other tested models. Regarding
the accuracy of group classification, the two class LCGA had the highest entropy value
(entropy = 0.97), followed by equal entropy values for the three class GMM and the six
class GMM (entropy = 0.96). Taking into account the information criteria and the entropy
values, the six class GMM was identified as the best fitting model. See Tables 3-4 for
parameter estimates for the six class GMM. See Figure 9 for a plot of the six class GMM.
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Table 3
Six Class GMM Statistics Averaged over 100 Imputed Datasets- nonsmoker, quitter, and early onset-escalating smoking
classes
Nonsmoker Class
(Class 4; n = 1,651,
54.16%)
Est.
S.E.
p
Means
I
S1
S2
Q2
Covariances1
S1 with I
S2 with I
S2 with S1
Q2 with I
Q2 with S1
Q2 with S2
Intercepts2
11th Grade (Wave 1)
12th Grade (Wave 2)
Post HS (Wave 3)
Post HS (Wave 4)

Quitter Class
(Class 6; n = 698, 22.89%)
Est.

S.E.

p

Early Onset- Escalating
Smoking Class
(Class 3; n = 263, 8.64%)
Est.
S.E.
p

0.02
0.58
-0.17
0.03

0.01
0.06
0.06
.03

0.08
<0.001
0.009
0.18

1.98
-1.02
-0.63
0.09

0.02
0.11
0.13
0.05

<0.001
<0.001
<0.001
0.07

2.09
0.03
2.25
-0.58

0.06
0.24
0.25
0.10

<0.001
0.92
<0.001
<0.001

-0.12
-0.01
-1.56
-0.01
0.27
-0.28

0.04
0.03
0.16
0.01
0.06
0.10

0.007
0.66
<0.001
0.41
<0.001
0.004

-0.12
-0.01
-1.56
-0.01
0.27
-0.28

0.04
0.03
0.16
0.01
0.06
0.10

0.007
0.66
<0.001
0.41
<0.001
0.004

-0.12
-0.01
-1.56
-0.01
0.27
-0.28

0.04
0.03
0.16
0.01
0.06
0.10

0.007
0.66
<0.001
0.41
<0.001
0.004

0.00
0.00
0.00
0.00

0.00
0.00
0.00
0.00

999.00
999.00
999.00
999.00

0.00
0.00
0.00
0.00

0.00
0.00
0.00
0.00

999.00
999.00
999.00
999.00

0.00
0.00
0.00
0.00

0.00
0.00
0.00
0.00

999.00
999.00
999.00
999.00
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Table 3 (continued)
Six Class GMM Statistics Averaged over 100 Imputed Datasets- nonsmoker, quitter, and early onset-escalating smoking
classes
Nonsmoker Class
(Class 4; n = 1,651,
54.16%)
Est.
S.E.
p

Quitter Class
(Class 6; n = 698, 22.89%)

Early Onset- Escalating
Smoking Class
(Class 3; n = 263, 8.64%)
Est.
S.E.
p

Est.
p
Variances1
I
0.22
0.01 <0.001
0.22
0.01 <0.001
0.22
0.01
<0.001
S1
5.02
0.24 <0.001
5.02
0.24 <0.001
5.02
0.24
<0.001
S2
1.13
0.23 <0.001
1.13
0.23 <0.001
1.13
0.23
<0.001
Q2
0.08
0.04
0.05
0.08
0.04
0.05
0.08
0.04
0.05
Residual
Variances1,3
11th Grade (Wave 1) 0.00
0.00 999.00
0.00
0.00 999.00
0.00
0.00
999.00
12th Grade (Wave 2) 0.00
0.00 999.00
0.00
0.00 999.00
0.00
0.00
999.00
Post HS (Wave 3)
0.78
0.09 <0.001
0.78
0.09 <0.001
0.78
0.09
<0.001
Post HS (Wave 4)
0.35
0.06 <0.001
0.35
0.06 <0.001
0.35
0.06
<0.001
Post HS (Wave 5)
0.95
0.13 <0.001
0.95
0.13 <0.001
0.95
0.13
<0.001
1
2
3
Notes: Constrained to be equal across classes. Intercepts set to zero. Residual variances for Wave 1-2 were set to zero.
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Table 4
Six Class GMM Statistics Averaged over 100 Imputed Datasets- early onset-stable high smoking, late onset smoking, and
declining smoking classes
Early Onset- Stable High
Smoking Class
(Class 5; n = 213, 6.98%)
Est.
S.E.
p
Means
I
S1
S2
Q2
Covariances1
S1 with I
S2 with I
S2 with S1
Q2 with I
Q2 with S1
Q2 with S2
Intercepts2
11th Grade (Wave 1)
12th Grade (Wave 2)
Post HS (Wave 3)
Post HS (Wave 4)

Late Onset Smoking Class
(Class 2; n = 151, 4.94%)

Declining Smoking Class
(Class 1; n = 73, 2.38%)

Est.

S.E.

p

Est.

S.E.

p

5.30
-0.92
1.07
-0.36

0.08
0.25
0.20
0.08

<0.001
<0.001
<0.001
<0.001

0.32
2.56
3.04
-0.74

0.06
0.36
0.37
0.15

<0.001
<0.001
<0.001
<0.001

5.21
-3.59
-1.63
0.28

0.14
0.59
0.42
0.17

<0.001
<0.001
<0.001
0.10

-0.12
-0.01
-1.56
-0.01
0.27
-0.28

0.04
0.03
0.16
0.01
0.06
0.10

0.007
0.66
<0.001
0.41
<0.001
0.004

-0.12
-0.01
-1.56
-0.01
0.27
-0.28

0.04
0.03
0.16
0.01
0.06
0.10

0.007
0.66
<0.001
0.41
<0.001
0.004

-0.12
-0.01
-1.56
-0.01
0.27
-0.28

0.04
0.03
0.16
0.01
0.06
0.10

0.007
0.66
<0.001
0.41
<0.001
0.004

0.00
0.00
0.00
0.00

0.00
0.00
0.00
0.00

999.00
999.00
999.00
999.00

0.00
0.00
0.00
0.00

0.00
0.00
0.00
0.00

999.00
999.00
999.00
999.00

0.00
0.00
0.00
0.00

0.00
0.00
0.00
0.00

999.00
999.00
999.00
999.00
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Table 4 (continued)
Six Class GMM Statistics Averaged over 100 Imputed Datasets- early onset-stable high smoking, late onset smoking, and
declining smoking classes
Early Onset- Stable High
Smoking Class
(Class 5; n = 213, 6.98%)
Est.
S.E.
p

Late Onset Smoking Class
(Class 2; n = 151, 4.94%)

Declining Smoking Class
(Class 1; n = 73, 2.38%)

Est.
S.E.
p
Est.
S.E.
p
Variances1
I
0.22
0.01
<0.001
0.22
0.01
<0.001
0.22
0.01
<0.001
S1
5.02
0.24
<0.001
5.02
0.24
<0.001
5.02
0.24
<0.001
S2
1.13
0.23
<0.001
1.13
0.23
<0.001
1.13
0.23
<0.001
Q2
0.08
0.04
0.05
0.08
0.04
0.05
0.08
0.04
0.05
1,3
Residual Variances
11th Grade (Wave 1)
0.00
0.00
999.00
0.00
0.00
999.00
0.00
0.00
999.00
12th Grade (Wave 2)
0.00
0.00
999.00
0.00
0.00
999.00
0.00
0.00
999.00
Post HS (Wave 3)
0.78
0.09
<0.001
0.78
0.09
<0.001
0.78
0.09
<0.001
Post HS (Wave 4)
0.35
0.06
<0.001
0.35
0.06
<0.001
0.35
0.06
<0.001
Post HS (Wave 5)
0.95
0.13
<0.001
0.95
0.13
<0.001
0.95
0.13
<0.001
1
2
3
Notes: Constrained to be equal across classes. Intercepts set to zero. Residual variances for Wave 1-2 were set to zero.
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Identified Latent Classes
Nonsmoker class. Based on the growth patterns and past literature, the largest
class (labeled as class 4 in Figure 9), was labeled as the nonsmoker class. This class
consisted of 54.16% of adolescents. In the nonsmoker class, the average baseline
smoking level was 0.02, which was not significantly different from zero (p = 0.08). There
was significant linear change between baseline and Wave 2 (12th grade; M S1 = 0.58, p <
0.001) indicating an average increase in smoking of 0.58 from 11th grade to 12th grade.
However, for this nonsmoker group, their rate of smoking significantly decreased from
12th grade to post-high school waves (M S2 = -0.17, p = 0.009). The quadratic growth
factor was non-significant, M Q2 = 0.03, p = 0.18. As mentioned earlier, the covariances,
residual variances, and variances were constrained across classes.
Quitter class. The second largest class was class 6 (22.89%) and was identified
as the quitter class. As the name suggests, this class was characterized by adolescents
who smoked and then quit smoking over time. This class on average smoked less than
monthly in 11th grade (M INTERCEPT = 1.98, p < 0.001). For the youth in the quitter class,
there were significant decreases in smoking from 11th to 12th grade (M S1 = -1.02, p <
0.001) and significant decreases from 12th grade through the post-high school years (M S2
= -0.63, p < 0.001). Examining the graph helps to visually examine the decreases in
smoking over time. The visual plot demonstrates that the trajectory falls below 1 (which
is coded as used to smoke, but quit) in the early post-high school years. There was a trend
for acceleration in the rate of change from 12th grade to Waves 3-5, M Q2 = 0.09, p = 0.07.
Early onset-escalating smoking class. The class with the third largest proportion
of members (8.64%) was identified as the early onset-escalating smoking class (labeled
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as class 3). Youth in this class had an intercept significantly different than zero and on
average smoked less than monthly at baseline, M INTERCEPT = 2.09, p <  0.001.  This  class’  
intercept  was  similar  to  the  quitter  class’  baseline  level  of  smoking;;  however,  in  this  class  
instead of their slope decreasing over time, it increased. Youth in this class had nonsignificant increases in smoking across segment 1 (Wave 1-2; M S1 = 0.03, p = 0.92).
There were significant linear increases in smoking from 12th grade across the post high
school years (M S2 = 2.25, p < 0.001) with significant deceleration of change over time
(M Q2 = -0.58, p < 0.001).
Early onset-stable high smoking class. The fourth largest class (class 5, 6.98%)
was named the early onset-stable high smoking group. This class had the highest baseline
smoking as compared to other classes and was significantly different than zero (M
INTERCEPT

= 5.30, p < 0.001) with youth on average smoking daily (1-9 CPD). There were

significant linear decreases in smoking from 11th to 12th grade, M S1 = -0.92, p < 0.001.
From 12th grade and across the post high school years, there were significant increases in
smoking (M S2 = 1.07, p < 0.001) with significant deceleration with time (M Q2 = -0.36, p
< 0.001).
Late onset smoking. This class was named the late onset smoking class and was
compromised of 4.94% of adolescents (class 2). The intercept for this class was
significantly different than zero (M INTERCEPT = 0.32, p < 0.001) but indicated overall low
levels  of  initial  smoking.  Adolescents’  smoking  increased  an  average  of  2.56  (p < 0.001)
from 11th to 12th grade. For the second segment (12th grade across post high school
years), significant linear increases in smoking were detected (M S2 = 3.04, p < 0.001) with
significant deceleration with time (M Q2 = -0.74, p < 0.001).
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Declining smoking class. The smallest identified class was the deemed the
declining smoking class (labeled as class 1; 2.38%). This class had the second highest
level of initial smoking (M INTERCEPT = 5.21, p < 0.001). Significant linear change was
detected between 11th and 12th grade with an average 3.59 decrease in smoking across
time points (M S1 = -3.59, p < 0.001). However, for the second segment (Waves 2-5),
there were significant decreases in smoking (M S2 = -1.63, p < 0.001) and non-significant
quadratic change (M Q2 = 0.28, p = 0.10).
Predictors of Class Membership
As the best fitting model had been identified, the last step of data analysis was to
examine how covariates (i.e., physician communication about smoking, ethnicity, and
gender) were related to latent classes. In order to take into account the uncertainty
surrounding latent class membership, pseudo-class draws (PC) were used as this
procedure utilizes a posterior probability-based multiple imputation procedure (Berlin et
al.,  2013;;  Clark  &  Muthén,  2009).  PC  takes  multiple  random  draws  from  an  individual’s
probabilities distribution to determine probable class membership and multinomial
logistic regression examines the relationship between covariates and latent classes (Berlin
et al., 2013; Clark & Muthén, 2009). Simulation studies have shown that the PC method
is especially efficient when the entropy values are high (entropy > .80; Asparouhov &
Muthén, 2013; Clark & Muthén, 2009).
However, PC is currently not allowed with multiple imputation in MPlus;
therefore, alternative methods had to be used to examine predictors of class membership.
First, parameter estimates from the six class GMM model across the 100 datasets were
obtained. Second, the six class GMM was run on the original dataset (using FIML) with
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the parameter estimates fixed to the estimates obtained from the six class GMM model
using MI. Lastly, the proportions for the latent classes and the entropy values were
compared across the results from FIML and MI. See Table 5. Figure 10 represent the plot
for the six class GMM using the original dataset and FIML. Comparison of these models
indicated some small changes, but the results appeared comparable, thus, it seemed
suitable to examine predictors using PC using the original dataset.
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Table 5
Class Counts and Proportions and Entropy Statistics for the Six Class GMM Comparing full-information maximum likelihood
(original dataset) with multiple imputation (Averaged over 100 Imputed Datasets)
NonSmoker
Class
(Class 4)

Quitter
Class
(Class 6)

Early OnsetEscalating
Smoking Class
(Class 3)

Early OnsetStable High
Smoking Class
(Class 5)

Late Onset
Smoking Class
(Class 2)

Declining
Smoking Class
(Class 1)

Class Counts

1,651

698

263

213

151

73

Proportions

54.16%

22.89%

8.64%

6.98%

4.94%

2.38%

-

-

-

-

-

-

Class Counts

1,778

678

156

224

146

67

Proportions

58.31%

22.24%

5.12%

7.35%

4.79%

2.20%

-

-

-

-

-

-

Results
from MI1

Entropy

0.96

Results
from FIML2

Entropy

0.87

Notes: 1 Multiple imputation. 2 Full-information maximum likelihood.
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Figure 10. Six class growth mixture model - Model using original dataset and full information maximum likelihood.
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Dummy code variables were created to examine these covariates. The reference
groups were coded as zero. For gender, males were coded as zero and females were
coded as one. Caucasians were coded as zero while African Americans were coded as
one. For the physician communication variable, three dummy code variables were
created. For each of these dummy code variables, neither being screened nor advised
about smoking was coded as zero and represented the reference group across the set of
dummy code variables. Class 4 (nonsmoking class) was identified as the reference group
for the latent classes (and therefore coded as zero) unless otherwise specified. The
nonsmoker class was chosen as the reference group as previous research has suggested
that the reference group should be the largest class and the class with the most
interpretable growth pattern (Wu, Zumbo, & Siegel, 2011). Additional comparisons were
made using other classes as the reference class (e.g., comparing the late onset class with
the early onset classes). The odds ratios (or eb) were calculated by exponentiating the
logistic regression B coefficient provided in the Mplus output. If the odds ratio (OR) was
less than one, a protected OR was computed in order to ease interpretation. The formula
for computing a protected OR is 1/OR.
The association between a described predictor and class membership is
interpreted within the context that the other predictors in the model that are not being
interpreted are being controlled for in the model. For example, when interpreting the
relationship between ethnicity and class membership, the relationship is interpreted
considering that gender and physician communication are being controlled for in the
model. Of note, as mentioned earlier, the variable identifying whether adolescents had a
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history of discussing tobacco use with their physician was assessed at baseline. See
Tables 6-7 for a summary of the multinomial logistic regressions.
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Table 6
Multinomial Logistic Regression for Six Class GMM using the Original Data and full information maximum likelihood.
Comparing the nonsmoker class to the quitter, early onset-escalating smoking, and early onset-stable high smoking classes
Nonsmoker Class (Class 4) versus 1
Quitter Class
(Class 6)
B

S.E.

p

eB

Early Onset- Escalating
Smoking Class
(Class 3)
B
S.E.
p
eB

Early Onset- Stable High
Smoking Class
(Class 5)
B
S.E.
p
eB

Predictors
Gender
0.03 0.11 0.80 1.03 -0.66 0.17 <0.001 2.27* -0.52 0.18
1.69*
0.003
(0=Male)
Ethnicity
-0.35 0.15 0.02 1.43* -0.83 0.20 <0.001 1.92* -2.28 0.19 <0.001 10.00*
(0=Caucasian)
Physician
Communication
(0=Neither
screened nor
advised)
Screened
0.17 0.16 0.28 1.19
0.17 0.28
0.55
1.19
0.88 0.26
2.41
0.001
Advised
-0.32 0.17 0.06 0.73 -0.28 0.28
0.32
0.76
0.32 0.29
0.26
1.38
Both
0.07 0.13 0.59 1.07
0.22 0.20
0.28
1.25
0.77 0.21 <0.001
2.16
1
B
Notes: Class  4  ‘‘Nonsmoker”  is  the  reference  category  for  latent  classes.  B  =  logistic  log-odds. e = odds ratio (exponentiated
B). *Represents protected odds ratios where the reference group is flipped in order to ease interpretation.
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Table 7
Multinomial Logistic Regression for Six Class GMM using the Original Data and full information maximum likelihood.
Comparing the nonsmoker class to the quitter, early onset-escalating smoking, and early onset-stable high smoking classes
Nonsmoker Class (Class 4) versus 1

B

Late Onset Smoking Class
(Class 2)
S.E.
p
eB

B

Declining Smoking Class
(Class 1)
S.E.
p

eB

Predictors
Gender
-0.95
0.21
2.56*
-0.52
0.28
0.06
1.69*
<0.001
(0=Male)
Ethnicity (0=Caucasian)
-0.94
0.24
2.56*
-1.67
0.28
5.26*
<0.001
<0.001
Physician
Communication
(0=Neither screened nor
advised)
Screened
0.33
0.30
0.27
1.39
0.51
0.40
0.20
1.67
Advised
-0.06
0.31
0.84
0.94
-0.52
0.55
0.34
0.59
Both
0.13
0.25
0.61
1.14
0.46
0.32
0.14
1.58
Notes: 1 Class  4  ‘‘Nonsmoker”  is  the  reference  category  for  latent  classes.  B  =  logistic  log-odds. eB = odds ratio (exponentiated
B). *Represents protected odds ratios where the reference group is flipped in order to ease interpretation.
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Comparing the declining smoking class to the nonsmoker class. When
comparing class 1 (declining smoking class) to class 4 the (nonsmoker class), males were
69% more likely to be in the declining class than were females (Protected OR = 1.69, p =
0.06). Caucasians were 5.26 times as likely to be in the declining smoking class than
African Americans (Protected OR = 5.26).
Comparing the late onset smoking class to the nonsmoker class. Comparing
the late onset smoking class (Class 2) to the nonsmoker class, males were more likely
than females to be in the late onset smoking class (Protected OR = 2.56). Caucasians
were 2.56 times more likely to be in the late onset group as African Americans (Protected
OR = 2.56).
Comparing the early onset-escalating smoking class to the nonsmoker class.
Males were 2.27 more likely than females to be in the early onset-escalating smoking
class (Protected OR = 2.27). Caucasians were 92% more likely to be in the escalating
smoking class than African Americans (class 3; Protected OR = 1.92).
Comparing the early onset-stable high smoking class to the nonsmoker class.
When comparing the early onset-stable high smoking class to the nonsmoker class, males
were 69% more likely than females to be in the stable high smoking class (Protected OR
= 1.69). Caucasians were 10 times more likely than African Americans to be in the stable
high smoking class (Protected OR = 10.00). Teens who were screened for smoking were
2.41 times more likely to be early onset stable smokers than those who were not screened
or advised (OR = 2.41). Teens who were screened and advised against smoking were
over 2 times as likely to be in the early onset-stable class than those who received neither
intervention (OR = 2.16).
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Comparing the quitter class to the nonsmoker class. When comparing the
quitter class (class 6) to the nonsmoker class, Caucasians were 43% more likely to be
classified as quitters than African Americans (Protected OR= 1.43).
Comparing the late onset class to the early onset classes (escalating smoking
class and stable high smoking class). In order to explore the predictors associated with
early onset versus late onset smoking, the early onset-stable high smoking class and then
the early onset-escalating smoking class were used as reference groups. When comparing
the late onset smoking class to the early onset- escalating smoking class, there were no
significant predictors of class membership (all p’s  > 0.05). However, when comparing the
late onset class to the early onset-stable high smoking class, African Americans were
3.83 times more likely to be in the late onset smoking class than Caucasians (OR = 3.83,
p =, 0.001). In addition, teens who received no intervention were 1.89 times more likely
than teens who were both screened and advised about tobacco to be in the late onset
smoking class (Protected OR = 1.89, p = 0.04).
Comparing the early onset classes. When comparing the early onset-stable high
smoking class to the early onset-escalating smoking class, Caucasians were over four
times more likely than African American teens to be in the stable high smoking class
(Protected OR = 4.17, p = < 0.001). Teens who were screened about their smoking status
and teens who were both screened and advised about smoking by their physician were
more likely than teens who received no intervention to be in the stable high smoking
class (OR = 2.01, p = 0.04; OR = 1.74, p = 0.04, respectively).
Comparing the declining smoking class to the early onset-stable high
smoking class. The intercepts for the early onset-stable high smoking class and the
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declining smoking class were similar and suggested that both classes were smoking about
daily (1-9 CPD) at baseline. However, the slopes for these classes were very different as
the early onset-stable high smoking class continued smoking at high rates over time while
the declining class exhibited significant decreases in smoking over time. When
comparing the declining smoking class to the early onset-stable high smoking class, there
was a trend suggesting that African Americans were more likely than Caucasians to be in
the declining smoking class (OR = 1.83, p = 0.06). No other associations between
predictors and classes were detected, all p’s  > 0.05.
Discussion
The present study was the first to examine the relations between ethnicity, gender,
and physician communication as predictors of adolescent smoking trajectories. As there
is a substantial amount of heterogeneity in the smoking trajectories of adolescents, with
variability in age of onset, rate of change, and smoking persistence, examination of
smoking trajectories bridges the study of adolescent smoking initiation, escalation,
persistence, quitting, and relapse through a conceptualization of smoking as a
developmental process (Chassin et al., 2009; Costello et al., 2009). GMM has been used
in previous literature on adolescent smoking to cluster trajectories into classes in order to
make the heterogeneity of trajectories more interpretable (Chassin et al., 2009; Costello et
al., 2009). GMM was similarly used in the present study to examine the latent
trajectories and classes in adolescent smoking. However, we also identified systematic
differences in the identified classes based on covariates assessed at baseline (physician
communication, ethnicity, and gender; Chassin et al., 2009; Costello et al., 2009).
Additionally,  the  present  study’s  sample  was  uniquely  diverse  and  the  observed  data  were  
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collected during key developmental periods (i.e., the end of high school and subsequent
post high school years), thus allowing for an expansion beyond previous literature on
adolescent smoking trajectories (Chassin et al., 2009).
The best fitting model was a six class piecewise GMM with the following
identified latent classes (from the largest to smallest classes): nonsmoker class, quitter
class, early onset-escalating smoking class, early onset-stable high smoking, late onset
smoking, and declining. The piecewise model allowed a more nuanced examination of
change over time with special consideration to how graduating high school was a
pertinent transition period in adolescent development. Many of the hypothesized smoking
trajectories were identified in the current study, i.e., the nonsmoker class, early-onset
classes, and late-onset class.
Identified Latent Classes
Nonsmoker class. The nonsmoker class comprised the largest class with over
50% of adolescents in the sample belonging to this class (Class 4). As hypothesized, the
nonsmoker group had a lower mean intercept and slope values as compared to the other
classes. The nonsmoking group was characterized by a near zero baseline smoking level
with increases in smoking from 11th to 12th grade followed by a significant decrease from
12th grade to the initial post high school years with continued low tobacco exposure
across time. A nonsmoker or never smoker group has also been extensively demonstrated
in the literature (Abroms et al., 2005; Audrain-McGovern et al., 2007; Bernat et al., 2008;
Brook et al., 2006; Brook et al., 2008; Chassin et al., 2000; Chassin et al., 2009; Juon et
al., 2002; Costello et al., 2009; Maggi, 2008; Maggi et al., 2007; Orlando et al., 2004;
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Pollard et al., 2010; Riggs et al., 2007; Soldz & Cui, 2002; Vitaro et al., 2004; Weden &
Miles, 2012; White et al., 2002).
Quitter class. The second largest class was identified as the quitter class (class 6)
and was comprised of about 20% of youth. This class was characterized by adolescents
who smoked and then quit smoking over time. This class on average smoked less than
monthly in 11th grade with significant decreases in smoking from 11th to 12th grade and
from 12th grade to post-high school years (2-4 years after high school). Based on the
means, youth appeared to quit during the post high school years. Previous literature has
also identified a quitter class (Brook et al., 2008; Chassin et al, 2000; Chassin et al.,
2009; Costello et al., 2009; Juon et al, 2002; Lessov-Schlaggar et al., 2008; Soldz & Cui,
2002).
Early onset-escalating smoking class. The early onset-escalating smoking class
(class 3) had the third largest proportion of members (9% based on analyses with MI and
5% based on FIML). This  class’  intercept  was  similar  to  the  quitter  class’  baseline  level  
of smoking (less than monthly); however, in this class instead of their slope decreasing
over time,  it  increased.  Specifically,  youth’s  smoking  did  not  significantly  increase  while  
in high school, but then significantly increased post high school with youth smoking
approximately weekly, with a deceleration in their rate of smoking across the post high
school years. The identification of this class really highlights the benefits of using a
piecewise growth model as it captures the different slopes (linear and quadratic) across
two distinct developmental periods (high school and post high school). This class has
emerged in multiple other longitudinal studies of adolescent smoking (Chassin et al.,
2009; Weden & Miles, 2012).
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Early onset-stable high smoking class. In addition, an early onset class with
stable high smoking was identified and consisted of about 7% of adolescents (class 5).
This class had the highest baseline smoking as compared to other classes with youth on
average smoking daily (1-9 CPD) with significant increases smoking in high school and
from 12th grade to post high school years. A significant deceleration over time was
detected for the second segment but youth were still on average smoking daily. Chassin
and colleagues (2009) synthesized previously identified classes from 18 studies into
broad classes, and commonly identified classes were early-onset classes with either
escalating smoking or stable high levels of smoking.
A limitation of the current study is that our baseline is at 11th grade. Thus
although the early onset classes are characterized as such because youth are smoking at
baseline, the age of smoking onset remains unclear. Previous literature has suggested
heterogeneity in how an early onset of smoking is conceptualized, but overall earlier age
of onset is before age 18 (Chassin et al., 2009). This heterogeneity in age of onset is also
likely influenced by cultural and social factors (Chassin et al., 2009). For example,
ethnicity has been associated with age of onset such that Caucasian teens begin smoking
at a significantly earlier age than African American youth (CDC, 2008; Chassin et al.,
2009). The relationship between ethnicity and smoking classes are described in further
detail below.
Late onset smoking class. A late onset smoking class was also identified (class
2). Approximately 5% of youth were classified in this group that was characterized by
low levels of initial smoking followed by significant increases in smoking across both the
high school and post high school years resulting in youth smoking almost daily.
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However, as seen with the early onset classes and the subsequently described declining
smoking class, there was a significant deceleration in smoking over time with adolescents
smoking about weekly. A late onset group has also been identified in the literature
(Brook et al., 2008; Chassin et al., 2009; Orlando et al., 2004; Weden & Miles, 2012). In
their review of the literature, Chassin and colleagues (2009) also highlight that studies
that utilize longer periods of time and developmental periods are unique as they enable
researchers to capture youth who initiate smoking after high school and are able to more
aptly identify developmentally limited smoking. There is a paucity of research that
follows youth through early adulthood, thus emphasizing that an advantage of the present
study was the systematic assessment of smoking through late adolescence and early
adulthood Chassin et al., 2009).
Declining smoking class. Lastly, the smallest identified class was the declining
smoking class (class 1; 2%). This class had the second highest level of initial smoking,
followed by significant decreases in smoking from 11th to 12th grade (from daily smoking
to less than weekly smoking) and from 12th through the post high school years (from less
than weekly smoking to less than monthly smoking). The steepest slope decrease was
observed between 11th and 12th grade. Other investigations have also found a declining
group (Bernat et al., 2008; Karp et al., 2005; Orlando et al., 2004; Pollard et al., 2010).
Predictors of Latent Classes
Ethnicity and latent classes. After the latent classes were identified, covariates
were used to predict class membership. Overall, when comparing classes characterized
by smoking to the nonsmoker class, Caucasians were more likely than African Americans
to be in all smoking classes, including the declining smoking class, late onset smoking
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class, both early onset smoking classes, and the quitter class. In addition, when
comparing the late onset class to the early onset-stable high smoking class, African
Americans were more likely than Caucasians to be characterized as late onset smokers.
An examination of the early onset-stable high smoking class versus the early onsetescalating smoking classes indicated that Caucasians were more likely than African
Americans to be in the early onset-stable high smoking class. Lastly, when comparing the
declining smoking class to the early onset-stable high smoking class (where both classes
were characterized by baseline daily smoking), there was a trend suggesting that African
Americans were more likely than Caucasians to be in the declining smoking class. In
essence, Caucasian youth are more likely than African American youth to be in classes
with higher levels of tobacco exposure. Regarding smoking initiation, African Americans
were more likely to have a later age of onset. Importantly, when comparing classes with
similar initial levels smoking, African Americans were more likely to be in a class with
decreases in smoking rather than continued smoking.
These findings are consistent with previous research that documents higher rates
of tobacco among Caucasian youth. Previous epidemiological research has demonstrated
that Caucasian teens smoke at higher rates (23%) than their African American peers
(12%) and begin smoking at a significantly earlier age (CDC, 2008; National Cancer
Institute [NCI], 2009). African Americans usually start smoking in late adolescence or
young adulthood (NCI, 2009), thus providing a longer window for preventive
interventions. Chassin and colleagues (2009) identified that there is a paucity of research
on smoking trajectories among minorities, but highlighted that differences appear to exist
between smoking initiation and rate of smoking progression. Specifically, research on
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trajectories has mirrored that of the aforementioned epidemiological research and has
indicated that African Americans have a later age of onset and slower progression of
smoking (Chassin et al., 2009; White, Nagin, Replogle, & Stouthamer-Loeber, 2004).
More recently studies on adolescent smoking trajectories have also identified that
Caucasians are more likely to have an earlier age of onset and higher levels of smoking
(Chen & Jacobson, 2012; Gutman, Eccles, Peck, & Malanchuk, 2011).
Overall, these findings seem to reiterate possible critical periods for tobacco
programming and the necessity for early and consistent tobacco surveillance and
interventions for all young people. Specifically, early programming is indicated given
Caucasian  teens’  tendency  to  initiate  smoking  in  adolescence  or  late  adolescence  and  
consistent programming throughout developmental periods is indicated given African
American’s  tendency  to  initiate  smoking  in  late  adolescence  or  early  adulthood  (Chen  &  
Jacobson, 2012). Preventive interventions throughout adolescence are important given
the health consequences associated with smoking for all youth, but also considering that
smoking-related morbidity and mortality is higher among African Americans as a group
(Richardson, 1997; USDHHS, 1998) and that successful cessation is less common than
among Caucasians (CDC, 2009; Richardson, 1997).
Gender and latent classes. In addition, when comparing smoking classes to the
nonsmoker class, males were more likely than females to be in the declining smoking
class, late onset smoking class, and both early onset classes; however, there was no
significant association between gender and the quitting class. Overall, males
demonstrated increased risk for being in the smoking classes. Notably, the association
between gender and smoking class was strongest for the early onset-stable high smoking

60

class. A recent Surgeon General Report found that females smoke at lower levels than
males, but noted that in many developing countries this gap is narrowing (USDHHS,
2012).
Previous research on adolescent trajectories has suggested that females exhibit
higher rates of substance use in early adolescence but that males show higher rates of
substance use from middle adolescence to early adulthood (Chen & Jacobson, 2012;
White et al., 2002). Further, female have been described  to  “mature  out”  of  smoking  
indicating a developmentally limited period of smoking (Chassin et al., 2009; White et
al., 2012). As described when discussing ethnic differences in developmental smoking
patterns, the gender differences in smoking also indicate critical periods of risk and
reinforce the need for systematic, early, and consistent tobacco monitoring and
intervention.
Physician Communication and latent classes. Lastly, the relationships between
physician communication and the latent classes were examined. When comparing the
early onset-stable high smoker class to the nonsmoking class, teens who were only
screened for smoking and those who were both screened and advised were over two times
more likely to be early onset stable smokers than those who were not screened or advised.
When comparing the early onset-stable high smoking class to the late onset class, the
results indicated that teens who were both screened and advised about tobacco were more
likely to be in the stable high smoking class than those who received no intervention.
When comparing the early onset-stable high smoking class to the early onset-escalating
smoking class, teens who were screened about their smoking status and teens who were
both screened and advised about smoking by their physician were more likely than teens
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who received no intervention to be in the stable high smoking class. An important
consideration is that the receipt of physician communication was assessed in the 11th
grade, thus highlighting that physicians may have been identifying and intervening with
youth most at risk at that time.
Taken together, these results are consistent with the study hypothesis and previous
literature that has indicated that physician communication was associated with higher
smoking levels,  possibly  reflecting  physicians’  tendency  to  target  young  smokers  for  
intervention. While intervening with youth who are at immediate risk is not only
necessary but also critical, these findings also suggest that physicians are missing in an
opportunity for tobacco prevention. Overall, these concerns have been voiced in previous
literature and were highlighted in a recent evidence review for the U.S. Preventive
Services  Task  Force  (Patnode,  O’Connor,  Whitlock,  Perdue,  &  Soh,  2012).  
Importantly, a recent study examined the effects of an education program about
tobacco  treatment  guidelines  for  youth  on  the  rates  of  pediatricians’  adherence  to  tobacco  
treatment guidelines for pediatric patients (Beaty, Dornelles, Sahuque, & Urrego, 2013).
The educational program included a presentation consisting of a review of treatment
guidelines, a review of tobacco assessment and counseling resources, and information
about billing for tobacco-related encounters. The presentation was delivered over
pediatricians’  lunch hours. Adherence to tobacco treatment guidelines was measured
through medical chart review. Results indicated that post-intervention, pediatricians were
counseling patients about tobacco more frequently, but there were no detected changes in
tobacco assessment or referrals for smoking cessation services.
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The U.S. Preventive Services Task Force review examined primary care
interventions for tobacco prevention and cessation intervention among children and
adolescents (ages 7 to 19; Patnode et al., 2012). The review examined a total of 19 trials
conducted in youth with seven of these trials examining overall smoking prevalence, ten
trials examining smoking initiation among nonsmokers, and nine trials examining
smoking cessation among smokers. There was substantial heterogeneity among the
studies and the types of interventions, including variability in the treatment components
(e.g., behavior interventions, medication, etc.), intensity, mechanisms of delivery (e.g.,
electronic intervention, healthcare provider intervention, etc.), and definitions and
assessment of smoking. Importantly, the meta-analyses found that primary care
interventions had small effects on smoking prevention among youth but significant
benefits were not found for smoking cessation interventions. The authors hypothesized
that the absence of a significant effect for the smoking cessation interventions may have
been due to a lack of studies that targeted established smokers (Patnode et al., 2012). This
report stressed the importance and need for further research on primary care based
tobacco prevention and cessation interventions for children and adolescents. This
message is echoed in literature that has described that the implementation of the US of
the Patient Protection and Affordable Care Act, which supports an integration of
substance abuse interventions into the primary care, may increase focus on brief
screening and interventions for adolescents (Pilowsky & Wu, 2013).
Another important consideration is the developmental transition period from high
school  to  post  high  and  how  this  impacts  young  people’s  access  to  healthcare.  This  
transition period may represent a key risk period for youth tobacco use as there may be
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decreased parental supervision, increased access to tobacco products, engagement in
other substance use, and possible changes in healthcare providers. Primary care based
interventions could provide transition planning interventions that are delivered around
this transition period and provide more intensive assessment and interventions promoting
health promotion and ways to address continuity of medical care.
Limitations and Future Directions
Despite its strengths, the current study has several limitations. First, how smoking
was assessed changed across the waves, an issue which could have influenced
measurement error. Due to time constraints within the school system, our constructs were
assessed via only a few items, which could limit their validity. Given the large-scale
nature of the study, biochemical verification of smoking could not be used. However,
research has indicated that youth self-reports of smoking are valid when steps are taken to
ensure confidentiality (Dolcini, Adler, Lee, & Baukman, 2003; Post, et al., 2005).
Another limitation was that the current study only focused smoking and not other forms
of tobacco use. While this allowed a more nuanced examination of smoking, future
studies should include assessment of other tobacco use (e.g., smokeless tobacco, cigars)
and alternative tobacco products (e.g., electronic cigarettes), especially as research has
suggested an increase in concurrent use of multiple tobacco products (USDHHS, 2012).
Due to constraints associated with using MI while predicting class membership, the
original dataset had to be used for this step of analysis. While comparison of the results
obtained from the models were similar and research has suggested similar performance
across these two strategies (Enders, 2011; Graham et al., 2007; McPherson et al., 2012),
this may have introduced some error into the model. In addition, the study only examined
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three possible covariates as predictors of latent class membership. Other important
predictors of class membership (e.g., nicotine dependence, use of other tobacco products,
access to healthcare, etc.) should be considered. In addition, interactions between
covariates were not examined in the present study. Exploring such interactions could
help to further understand how ethnicity, gender, and physician communication are
associated with class membership.
Although our longitudinal design allowed us to explore the relations between
adolescent tobacco trajectories and physician communication, the causal relations
between physician communication and adolescent smoking remain unclear. Controlled
trials in which physician communication is delivered in a randomized fashion would
allow for clearer interpretations of how physician interventions are related to smoking
among teens.
Conclusions
The present study was unique as adolescent smoking trajectories were identified
in a primarily African American sample and data was collected from late adolescence to
early adulthood. Further, this was the first study to examine the association between
physician communication and adolescent smoking trajectories. The best fitting model
was a six class piecewise GMM with the following identified latent classes (from the
largest to smallest classes): nonsmoker class, quitter class, early onset-escalating smoking
class, early onset-stable high smoking, late onset smoking, and declining. Males and
Caucasians were more likely to be in classes characterized by higher levels of tobacco
use. Physician communication was also often associated with classes with higher levels
of tobacco use. Overall, these findings seem to reiterate possible critical periods for
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tobacco programming and the necessity for early and consistent tobacco surveillance and
interventions for all young people.
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